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Adversarial collaborative filtering recommendation algorithm
based on attention mechanism

WU Zhefu, CHENG Jiebin, FANG Luping
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023)
Abstract

Aiming at the different contribution of items interacted by users to their decision-making in collaborative filte-
ring recommendation algorithm, a collaborative filtering recommendation algorithm based on relevant attention is
proposed. The algorithm combines the attention mechanism in deep learning to assign different weights to different
items to capture the items most relevant to the target item, explore the influence of the weight of different items on
the model prediction, and thereby improve the accuracy of the recommendation ; further, in order to solve the prob-
lem of low robustness of the proposed model, a recommendation algorithm for attention collaborative adversarial
training is proposed. Through the adversarial learning method and using the fast gradient sign method ( FGSM) al-
gorithm to build an adversarial sample input model for adversarial training, the model is alleviated from the impact
of disturbance and the robustness of the model is improved. Experimental results on the two datasets of Pinterest
and Moviel.ens-1M show that the proposed algorithm not only effectively improves the accuracy of the recommenda-

tion algorithm, but also enhances the robustness of the recommendation system.

Key words: collaborative filtering, attention mechanism, adversarial learning, robustness
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